We communicate a distribution-free quasi graphic procedure for obtaining a linear discriminating function. The method is based on the following considerations:
Suppose a group A is to be separated from a group B using two parameters X and Y. The centre of each group is defined äs the median (or mean or mode) of its points. Of all straight lines passing through any point of A and any point of B those are retained which intersect the segment joining the centres of A and B. For each of these the number of wrongly allocated points is calculated (i. e. the points which do not lie on the same side of the straight line äs their group centres). In this way one obtains straight lines with maximal separating power (for the two groups given). Finally, each optimal line is rotated in such a way that its defining points are also correctly allocated.
If more than two parameters are available a stepwise procedure can be used: the distance from the separating straight line obtained from the first two parameters is introduced äs a new parameter, which is then combined with the third parameter to yield a new discriminating function which depends on all three parameters. Iterating this step one can combine any nümber of parameters.
The method was implemented on a personal Computer.
It was first applied to a textbopk model (chances of survival for M. haemolyticus neonatorum estimated by concentrations of haemoglobin and bilirubin in cord blood). As a second model we used a tetravariate study (primary hypetparathyreoidism versus other hypercalcaemic diseases, estimated by the blood concentrations of calcium, phqsphate and chloride, and by haematocrit).
In addition to the learning collectives, 2 test collectives were available: a group of primary hyperparathyreoidism.patients from anpther clinic and a group of patients with secondary hyperparathyreoidism from a third clinic. In this orientating study the new method shows good discriminating capacity. 
Introduction
If two or more distinct groups are to be discriminated by two or more features, methods of discriminant analysis are used (1-9). The "classical" linear discriminant analysis (10) presupposes a muitivariate normal distribution. Frequently this type of distribution is not given (or its presence cannot be verified, e. g. because of lack of data). This may be the reason why frequently unsatisfactory results are obtained. Therefore different non-parametric methods of discriminant analysis have been developed (5, 11, 12) by many authors.
Procedure
Our new, quasi "graphic" procedure is based on the following considerations:
If two collectives are to be separated by two characteristics, a dissecting straight line (= discriminant function) is found, which separates all points so that none or a minimal number of points is wrongly classified (allocated). It is possible that several straight lines have the same power of Separation (we will not enter into the possibility that a curve-linear function provides the optimal dissection). If one or both variates have a discriminating power with respect to the groups then the means (or medians or modes) cannot be identical. The greater the discriminating power, the greater the distance between S A and SB will be. Now the following algorithm is applied: from each point of group A a straight line to each point of collective B is drawn. All lines which do not intersect the connecting line (S A S B ) are ignored. For all lines that intersect the connecting line, the number of incorrectly allocated points is determined, applying the following rule: a point is considered to be incorrectly allocated if it does not lie on the same side of the straight line äs its group mean (or mode or median). Figure 2 shows the six possible straight lines from AI to Bi_ 6 ; (AiBj), (AtBs) and (AjB 6 ) do not intersect (S A Sß). The discriminating effect of the three other lines is given in table 2.
Subsequently for point A ? all dissecting lines are searched and it is checked whether the discriminating power is better than for the preceding lines. Continuing in this way the discriminating power of all possible lines is investigated. Finally the straight line (or lines) is retained, which provides the smallest number of wrong allocations. In our exainple this is true for two straight lines (aib 3 ) and (a^), where just one point is misclässified: B 2 (tab. 3).
The optimal straight line is now rotated in such a way that the defining points äife correctly classified, too. Tab. 3. Demonstration of the discriminating steps shown by the display of the calcuiator. Column A and B correspond to the joining lines. The column "False" shows the false allocations of the corresponding dissecting straight line. available. In any case, the straight line, obtained in this way, is the best possible for the given "learning collective". If more than one optimal discriminating line is found, each one must be investigated to determine whether the addition of a new parameter leads to a better discrimination. It is possible that important differences occur, although the discriminating lines showed identical power of Separation in the first step.
Application
For the application in practice we have developed a program ("OPTIGER") in BASIC for the HP 87XM (see Addendum) 1 )-For small collectives -e. g. 12 points in our model -the calculation is performed in a few seconds. If the number of points is considerably larger (> 100), then the procedure takes a few hours.
On the order "determination of the optimal discriminating line" the Computer screen displays the individual steps of the procedure. As an example, the discriminating steps of our model are shown in table 3. Also the classical discriminant analysis can be performed on request by the same program OPTI-GER. Less time is necessary for this calculation, e. g. only a few minutes for > 100 points.
During the construction of the optimal discriminating line, the predominance of false positive over false negative allocations or vice versa, is not taken into account. Consequently the diagnostic sensitivity or specificity predominates. Using the OPTIGER program a shifting of the discriminating line is possible in order to improve diagnostic sensitivity or specificity. Nevertheless in any case a shifting causes a deterioration of the discriminating power.
The efficiency of OPTIGER has been tested, using an example from a well known textbook (13) , and on a clinical study from the literature. Other examples have been published separately (14, 15) . The OPTIGER program finds two straight lines with correct classifications of 60/63 survivors and 14/16 non-survivors. There are only 5 misclassifications, 94% being correctly allocated by OPTIGER. It is noteworthy to state that both discriminating lines are nearly vertical on the X axis, which means that haemoglobin has a much higher discriminatory power than bilirubin.
Examples of application
The histogram of the distribution with the new p rameter Z l of both collectiVes is shown in figure 6 . By the new discriminant function, Z! = 2.5 Hb -Bilir bin -h 28.7, the chances of $ufvival improve with increasing negativity of the resulting value, and vice versa.
Tetravariate clinical study
In order to discriminate between the primary hyperparathyreoidism and other hypercalcaemic disorders, several authors have recommended discriminant analysis (16) (17) (18) (19) (20) .
Recently a study by Lafferty (Cleveland) (21) was published on this subject. For the discrimination of hypercalcaemic patients he used haematocrit, chloride, calcium and phosphate, and for some of the patients he also used parathormone. We received the complete data base from the author 2 ). It contains 100 patients suffering from primary hyperparathyreoidism, verified by biopsy; 31 patients with bone metastases of malign diseases, 20 patients with pseudohyperparathyreoidism, 4 patients with vitamin-D intoxication, 3 patients with thyreotoxicosis and 6 patients with hypercalcaemia from other diseases. The histograms of the 4 parameters are shown in figure 7 where the patients with primary hyperparathyreoidism are t the top and all other 64 non-hyperparathyreoidism patients at the bottom. The calcium concentration in serum is lower in the hyperparathyreoidism group compared with the other patients, but there is a broad overlaping zone.
The same is true for phosphate in serum, where the hyperparathyreoidism patients also show lower values.
Within the distribution of the chloride concentrations the hyperparathyreoidism group shows a peak, significantly higher than in the non-hyperparathyreoidism group. 2 ) We thankfully acknowledge the generosity of Dr. Lafferty. Also the mean haematocrit value is higher in hyperparathyreoidism patients, gain with complete overlaping.
Parathormone was not included in our calculations because its concentration was not determined for the majority of patients. Furthermore, parathormone is an analytically uncertain parameter with insufficient standardization and insufficient comparability from one laboratory to another.
The univariate validity of each par meter does not suffice to solve the diagnostic problem. We therefore tried c a bivariate combination. With 4 parameters, 6 bivariate combinations are possible. Figure 8 shows were wrongly classified. The discriminating power of the classical discriminant analysis is lower, 18 patients being incorrectly allocated. A new scatter diagram was constructed with the parameter Zj on the X-axis and Chloride on the Y-axis (flg. 9). With OPTIGER one can find 6 optimal discriminating lines of identical discriminating power: 95/100 hyperparathyreoidism patients and 58/64 non-hyperparathyreoidism patients are correctly classified: 11 patients are misclassified. The new discriminant function, Z 2 , is obviously better than Z\.
With Z 2 on the X-axis and haematocrit on the Yaxis, the new scatter diagram gives even better discriminating by Z 3 ( fig. 10 ): now 98/100 hyperparathyreoidism patients and 62/64 non-hyperparathyreoidism patients are correctly classified, the number of misclassifications being only 4. The distribution of the "learning-group" under Z 3 is shown in figure 11 .
The discriminating power of Z 3 was controlled by two other independent patient groups: 37 samples from patients with verified primary hyperparathyreoidism from the clinics of the Zürich University, and 37 samples from patients of our own hospital, suffering of secondary hyperparathyreoidism. The discrimination of the Zürich hyperparathyreoidism patients from the non-hyperparathyreoidism group is nearly äs perfect äs that for the learning group ( fig. 12 ). 35/ 37 Zürich hyperparathyreoidism patients are correctly classified. As expected, the distribution of the patients with secondary hyperparathyreoidism is worse ( fig. 13) It should be pointed out that the function Z 3 is valid only for hypercalcaemic patients. If normocalcaemic patients are to be separated from hyperparathyreoidism patients (an illogical problem!) it would be necesssary to construct a new discriminating function using another learning group. 
